We design an experiment to test the hypothesis that, in violation of Bayes Rule, some people respond more forcefully to the strength of information than to its weight. We provide incentives to motivate effort, use naturally occurring information, and control for risk attitude. We find that the strength-weight bias affects expectations, but that its magnitude is significantly lower than originally reported. Controls for non-linear utility further reduce the bias. Our results suggest that incentive compatibility and controls for risk attitude considerably affect inferences on errors in expectations.
example, Grether (1980) and Charness, Karni and Levin (2008) report that violations of Bayes Rule reduce substantially among financially motivated subjects. 2 We test the strength/weight hypothesis using an incentive compatible design to encourage effort in the experimental tasks. 3 In addition, to avoid confusion that may arise from subjects being asked to imagine signals from a hypothetical process, as GT asked their subjects to, we generate all the relevant information in front of our subjects during the experiment using physical urns and dice. 4 Finally, in our experiment we elicit subjective beliefs using revealed preference, as opposed to the stated preference methods used by GT, which avoids the need for introspection. 5 Our elicitation methods are based on the principles of subjective probability elicitation initially outlined by Ramsey (1931) and Savage (1954; 1971) . Our respondents observed information signals generated by random draws from urns, and chose between bets that varied the payoff they offered if different states of the world were true. From these bets we inferred the underlying subjective probabilities for the different states of nature, and examined whether they are influenced by the strength-weight heuristic.
Because subjects' choices will depend on both subjective beliefs and preferences, in our estimations we use data from a separate experimental task to control for the distorting effect of the utility function on inferences about subjective beliefs, estimating the relevant parameters 2 Several other authors have reported smaller biases in experimental economics conditions: Conlisk (1989) , Plott and Zeiler (2005) , Laury, McInnes and Swarthout (2009) , Cason and Plott (2014) and Andersen, Harrison, Lau and Rutstrӧm (2013) . 3 GT paid $20 to the respondent whose judgments "most closely" matched the correct values. This is not an incentive-compatible elicitation method. 4 An important advantage of this physical procedure is that it allows subjects to truly experience random draws from the latent process they are asked to estimate. In contrast, the hypothetical methods used by GT require that the experimenter artificially selects the outcomes, and, as shown by Asparouhova et al (2009) , such selective sampling can significantly affect inferences about behavioral biases. 5 Methods of introspection have been treated with skepticism by economists (Ramsey, 1931; Smith, 1982; Gilboa, Postlewaite and Schmeidler, 2003) , perhaps because it is common for subjects to state a particular belief, but act in a way that contradicts this statement (Costa-Gomes and Weizsäsker, 2008; Rutström and Wilcox, 2009) . using a structural model. We start our analysis assuming risk neutrality, moving on to a Subjective Expected Utility (SEU) specification that allows for non-linear utility. This approach allows us to examine whether inferences on decision heuristics are affected when one relaxes the assumption of risk neutrality, commonly employed in experiments (e.g., Grether, 1980) . We find that, in violation of Bayes Rule, the magnitude of the probability update is higher after high strength/low weight signals than lower strength/higher weight signals, with an average strength-weight bias of 6.06%. This result confirms the findings of GT, and suggests that the strength-weight bias is a plausible theory of errors in expectations. However, in our analysis the strength-weight bias is less than a third than the bias reported by GT, which suggests that its effect on economic behavior is weaker than suggested by the original estimates.
We also examine whether the strength-weight bias differs among subjects with different demographic characteristics. We find that female subjects deviate more strongly from the Bayesian benchmark, consistent with the findings of Charness and Levin (2005) . We also find that the behavior of subjects who study in a quantitative field is more in line with Bayes Rule, consistent with the findings in Halevy (2007) . However, knowledge of statistics does not completely offset the strength-weight bias.
Contrary to the findings of GT, we do not find any evidence of overreaction to information. Rather, our results reveal a general tendency of underreaction or "conservatism" in the spirit of Edwards (1968) . The degree of underreaction is higher when signal weight is higher.
For example, for signals that imply a posterior of 0.88, underreaction is 25% when the signal is of high weight and 18% when it is of low weight. This finding can explain underreaction-type phenomena in stock markets, whereby prices respond slowly to high-weight information, such as earnings surprises (Bernard and Thomas, 1989) or changes to dividend policy (Michaely, Thaler and Womack, 1995) .
We find that assumptions about attitude toward risk significantly affect inferences about the strength-weight bias. Specifically, when we assume risk neutrality we find that the average bias is 12.3%, whereas when we allow for non-linear utility, the bias halves to 6.06%. This implies that studies that investigate decision heuristics assuming risk neutrality could substantially mischaracterize any bias. Moreover, controls for risk attitude highlight behavioral patterns that would be difficult to identify otherwise. For example, we find that females are more risk averse and less Bayesian than males. Without controls for risk attitudes, it would be impossible to understand such differences. Overall, these results highlight the methodological point that risk attitude exerts a non-trivial effect on subjects' behavior in the laboratory, and should be accounted for to accurately describe behavior. 6
Due to the complexities of real world markets experimental methods are well placed to make contributions to the debate on systematic errors in expectations. Bondarenko and Bossaerts (2000) examine whether expectations in experimental markets are formed in accordance with Bayes Rule. Bloomfield and Hales (2002) and Asparouhova et al (2009) test whether people make forecasts using historical information in a biased manner. Kuhnen and Knutson (2011) and Kuhnen (2015) analyze whether biases in beliefs are affected by emotions, and whether they depend on whether the decision is taken in the domain of losses or gains, respectively. Our study contributes to this literature by testing whether the strength-weight effect is a plausible theory of errors in expectations in financial decisions.
Experimental Methods
We recruited 111 respondents from the University of Durham, UK. All received a £5 show up fee. Payments for the experiment totaled £2,692, for an average payment of £24.26 per subject. Section A of the online Appendix shows demographic information about the subjects. 7
Our experiment included two tasks: the belief task, in which choices were made that allowed us to infer subjective probabilities, and the risk task, where subjects made choices over lotteries with known probabilities that allowed us to estimate their utility function. 8
In the belief task there were two equally likely mutually exclusive states of the world.
Respondents were provided with relevant sample information using urns and dice, after which they chose between pairs of acts (or "bets") that offered different payoffs depending on which state of the world actually obtained. Subjective probabilities were inferred from the pattern of acts chosen. Specifically in the belief task, we first made a random choice between a Blue and a White cup, which was concealed from the subjects. Both these cups contained N 10-sided dice, where N varied from trial to trial (3, 5, 9 and 17) . The N dice in the White cup had six white and four blue sides, while the N dice in the Blue cup had six blue and four white sides. We then rolled all the dice in the chosen cup and announced the outcome. 9 Thus, the prior of each cup without information is 50%, and after subjects observe the sample information they must revise their expectations accordingly.
In each session respondents saw 30 samples, 4 samples of three dice (i.e., N = 3), 14 of five dice, 6 of nine dice and 6 of seventeen dice. The distribution of sample sizes was chosen to 7 The online appendix is available to download as supplementary material from the JFQA website. 8 The full instructions used for these tasks are reproduced in sections B and C of the online Appendix. 9 To keep experimenters honest in the minds of the respondents a subject from each session was randomly chosen to act as a "monitor," who supervised the rolling and counting of dice and announced the outcomes. The monitor received a flat payment of £10 for the belief task. After the sample information was announced, respondents placed "bets" on White and Blue, using a decision sheet adapted from Fiore, Harrison, Hughes and Rutstrӧm (2009), shown in Table 1 . Respondents were asked to conceptualize the task as one of making 19 separate bets with a different "bookies", each offering different odds. Effectively the subject must use her subjective probability to compute how much a bet on White or Blue for each bookie is worth, and choose the most favorable option. For example, assume that the subject believes that the probability of Blue is 73%. Assuming risk neutrality, for the first bookie this probability implies that the value of a bet on White is 0.27 x 60 = 16.2, which is greater than the value of a bet on Blue (0.73 x 3.15 = 2.3). This subject would therefore prefer to bet on White for bookies 1-5, and then to bet on blue for the remaining bookies 6-19. 10 From observing her betting choices we can back-out her latent subjective probability. 11
If subjects are not risk neutral, however, the valuation of each bet will not use expected value, which can significantly affect inferences on inferred subjective probabilities (Kadane and Winkler, 1988 ). Returning to our example above, assume now that the agent who placed a bet on blue for bookies 1-5 is risk averse, with preferences described by Expected Utility Theory (EUT) and Constant Relative Risk Aversion (CRRA):
Assuming r = 0.5, this betting behavior would imply that her subjective probability of blue ranges between 60% and 65%. Therefore, the specification of the utility function will affect inferences about subjective probabilities, and can therefore alter conclusions about the magnitude of the strength-weight effect.
Following Andersen, Fountain, Harrison and Rutstrӧm (2014) , we controlled for the distorting effect of the utility function on subjective probabilities using data from the risk task, which implemented the classic experimental design of Hey and Orme (1994) . In this task all respondents made a series of 20 choices between two lotteries with known probabilities. 12
To incentivize subjects to exert effort in the experiment we use the random lottery procedure, whereby one choice made by the subjects in both the risk and the belief tasks is selected randomly and played out for real money.
To control for order effects, which are common in experiments (Harrison et al. 2005) , in half of the sessions the risk task preceded the belief task, and in the remaining half the order was reversed. In addition, in the belief task, in half of the sessions the samples were presented in ascending sequence (i.e., N = 3 then N = 5, etc) and in the other half in descending order (N = 17, then N = 9, etc.) So overall we have a 2 x 2 experimental design.
12 Section C of the online Appendix displays a typical lottery pair.
In Figure 1 we plot the distribution of mid-points for the intervals that contain our subjects' risk neutral subjective probabilities. Each panel plots the distribution of average midpoints after signals that differ in weight (N) and which are associated with a specific posterior.
We have 6 posterior groups in total, 0.88, 0.77 and 0.6 when w>b, and by symmetry 0.12, 0.23 and 0.4 when b>w. The vertical line in each panel shows the correct Bayesian probability. The distributions shown in Figure 1 appear to be systematically related to the strength-weight characteristics of the signals observed. In each posterior group the distributions related to larger dice samples appear to have a lower mean, which implies that, holding the posterior constant, higher weight signals elicit weaker responses, as predicted by GT.
In the next section we formally test the strength/weight hypothesis using a structural EUT model which assumes that the bets with the different bookies are evaluated according to (1).
Using maximum likelihood we estimate the subjective probabilities and risk attitudes that best describe subjects' choices in both the risk and the belief task, and test whether the strength/weight hypothesis is supported. To examine how assumptions about risk preferences affect inferences on the bias we firstly estimate subjective probabilities assuming risk neutrality (RN), and then by controlling for non-linear utility (SEU). The econometric details of the model are provided in section D of the online Appendix.
Results

A. Experimental Results
The top panel of Table 2 contains estimates for the coefficient of risk attitude, r, and the behavioral error term, μ. 13 In the columns on the right side we have elicited subjective probabilities for different models of choice (RN vs. SEU), along with their associated standard 13 The behavioral parameter μ is a structural "noise parameter" and is used to allow for some errors from the perspective of the deterministic EUT model. Specifically μ>0 captures cases where the option with the lower expected utility might be chosen by accident.
errors. Subjective probabilities are grouped according to Bayesian posterior: 0.88, 0.77 and 0.6.
To ease exposition we pool subjective probabilities for symmetric patterns, i.e., (5,0) and (0,5). 14 The second column of Table 2 shows the composition of the signal, and the third and fourth columns show its strength and weight characteristics. In each panel the signals are arranged so that as one goes further down the table weight increases and strength decreases. 15 We start the discussion with the RN model. For the high strength/low weight signal (5,0)
we find overreaction, with elicited probability higher than the Bayesian posterior probability by about 5%. The elicited probability then drops for the (7,2) signal to 90.6%, and drops even further for the (11,6) signal to 79.7%. The hypothesis that these subjective probabilities are equal is safely rejected (p-value <0.001). This pattern supports the original GT findings since subjective probabilities increase with signal strength, in violation of Bayes Rule. To get a sense of the magnitude of the bias we can subtract subjective probabilities associated with the (5,0) and (11,6) signals, which yields 92.5% -79.5% = 13%. We find similar patterns of the remaining groups of 0.77 and 0.6, with biases of 16.5% and 6.9% respectively, which are all statistically significant. 16 The column Relative Bias shows the corresponding bias associated with each probability as a proportion of the required update from the prior of 0.5, and shows overreaction for low weight signals and underreaction for high weight signals.
In the second model (SEU) the coefficient of risk attitude is equal to 0.562 and is highly statistically significant, indicating risk aversion. The magnitude of risk aversion obtained is similar to other experiments with similar stakes, reviewed in Harrison and Rutström (2008) . As in the RN case, subjective probabilities in all the Bayesian posterior groups increase with signal strength, and the differences between the high strength/low weight and low strength/high weight probabilities are statistically significant. However, the striking result from this analysis is that once we allow for risk aversion the magnitude of the bias halves. Specifically, for the 0.88 group the bias is 7% instead of 13.0%, for the 0.77 group it is 7.7% instead of 16.5%, and for the 0.6 group it is 3.5% instead of 6.9%. This highlights that inferences about the strength-weight effect under the assumption of risk neutrality are likely to overstate the bias. 17
How do our results compare to the original findings of GT? Across all three patterns the average bias reported by GT is 20.6%. 18 The corresponding average bias in our analysis is only 6.1% (p-value <0.001) when we allow for non-linear utility. The hypothesis that the average bias in the two studies is equal is safely rejected (p-value <0.001). This comparison suggests that the bias is significantly reduced when tested under experimental designs that incentivize responses, which has important implications for inferences about the relevance of the strength-weight bias to stock market anomalies.
GT report that their subjects overreact to high strength/low weight information, stating probabilities that are higher than those implied by Bayes Rule. In our estimations we find evidence of overreaction toward high strength/low weight signals only when we constrain r to risk neutrality. When we allow for non-linear utility we find a general tendency of underreaction, or conservatism (Edwards, 1968 ) toward sample information, as subjective probabilities are lower than Bayesian posterior probabilities (Relative Bias is less than 1 in all cases). Moreover, in each posterior group underreaction is higher when the signal is of high weight. For example, in the SEU model, for signals that imply a posterior of 0.88, underreaction is 25% when the signal is of high weight (Relative Bias = 0.72) and 18% when it is of low weight (Relative Bias = 0.8).
This finding can provide an explanation for prices adjusting slowly to important, high weight information such as earnings surprises (Bernard and Thomas, 1989) or changes to dividend policy (Michaely et al, 1995) .
We continue to more formally test the strength/weight hypothesis by estimating the following model: 19
Bayes Rule predicts that the coefficients on strength (β) and weight (α) should be both equal to one, whereas β>α under the strength/weight hypothesis. The results, which are shown in panel A
of Table 3 , show that the coefficient on weight, α, is 0.442 and on strength, β, is 0.736, which shows that signal strength affects probabilities more than signal weight, in line with our previous results in Table 2 . The hypotheses that α = β is safely rejected (p-value <0.001). We can define the total bias as 1-α/β, equal to 40% in our data, again significantly smaller than the corresponding bias of 62% reported by GT (p-value<0.001). 20 We also use this model to test whether the strength-weight bias differs among subjects with different demographic characteristics. Previous research found that female subjects are less likely to behave as Bayesians in similar experimental tasks (Charness and Levin, 2005) . We therefore condition estimates of α and β on the dummy Female. Moreover, subjects that have knowledge of statistics have been found to behave more rationally in such quantitative tasks (Halevy, 2007) . To test for this effect we condition estimates of α and β on the dummy Math, which takes the value if 1 if the subject is studying in a quantitative field. Subjects with higher cognitive abilities have also been shown to act more rationally (Grinblatt et al., 2011) . As a proxy for quantitative ability we define the proxy FirstClass, which takes the value of 1 if the subject's self-reported average marks to date are in the highest class. 21 Finally, experienced subjects have been shown to act more rationally, both in experiments (Loomes et al., 2003) and in the field (Seru et al., 2010) . Although our experiment did not provide any feedback it is possible that subjects learn about the latent process by observing which samples are more or less frequent. To test for such learning we define the dummy Experience, which takes the value of 1 for the last 15 rounds of the belief task, and 0 otherwise. We estimate the model in (10) conditioning α and β on these dummies. We also condition r on Female, Math and FirstClass as these variables may also affect risk attitudes.
The results are shown in Table 3 panel B. The entry next to each variable shows its marginal contribution and its associated standard error. We find that females are significantly more risk averse, consistent with prior studies. Females are found to be less sensitive to signal weight (coefficient -0.167 with standard error 0.08), which suggests that their beliefs are more biased. Subjects who study in quantitative fields respond less strongly to signal strength (coefficient -0.195 with standard error 0.098), which suggests that their beliefs are less biased.
These effects are statistically significant on the 5% level. Overall the analysis in panel B suggests that the strength-weight bias is likely to be stronger among females and subjects with no quantitative skills, but also that no group of subjects is completely immune to the strength-weight effect. 21 In the U.K. this is 70% and above, and is achieved by roughly 15%-20% of students.
Finally, we examine whether order effects influence our results by allowing estimates of α and β to differ depending on whether the risk task was conducted first (RA_then_B = 1), and depending on whether in the belief task the samples were presented in descending order (B_descen = 1). We find that our estimates of α and β are not affected by order effects. However, we find that subjects become more risk averse if the risk task is conducted first.
B. Asset Pricing Simulations
Our findings suggest that the strength-weight bias is weaker than reported by GT, and that subjects are more likely to underreact rather than overreact. To examine the effect of these findings on asset pricing, we re-calibrate the model proposed by Barberis et al. (1998) (BSV) to parameters that imply such changes.
In BSV earnings are generated by a random walk process, but the investor falsely believes in either a mean-reverting regime (underreaction) or a trending-regime (overreaction).
There are some probabilities that govern the transition from one model to the other, which can be thought to relate to the strength-weight effect, i.e., the switch from underreaction to overreaction.
The investor observes past earnings realizations to determine which model is generating earnings; after a short string of surprises of the same sign, which appear relatively 'unconvincing,' he underreacts. As this string increases, and becomes more salient, he overreacts. BSV use this model to simulate the returns of portfolios of firms with n consecutive positive or negative shocks (where n ranges from 1 to 4), and show that the return differential between these portfolios, , decreases in n. Moreover, for short strings (n = 1, 2) it is positive, indicating underreaction, turning negative for longer strings (n = 3, 4), indicating overreaction.
Following this procedure we examine how changes in the transition probabilities, such that the investor always relies more on model 1, affect . 22 We find that decreases with n, but at a generally smaller rate. Moreover, is larger for all n, and it requires a longer string of news to actually turn it negative. Overall, our experimental findings, as calibrated through the BSV model, imply more widespread underreaction in asset prices. Griffin and Tversky (1992) proposed the strength/weight hypothesis, which is that decision makers are more responsive to the extremity (strength) of the information than to its predictive validity (weight), even when both strength and weight are equally diagnostic. This hypothesis received many applications in finance.
Conclusion
We tested whether the hypothesis holds by means of an experiment that allowed us to infer subjective probabilities through betting decisions with real monetary incentives. We provide respondents with imperfect information about the true state of the world, and ask them to reveal their subjective belief about the likelihood of the true state by making a series of bets according to the logic of Savage (1954; 1971) and Ramsey (1931) .
Our results broadly support the original findings of GT, as decision makers generally perceived events as more likely when the available evidence had high strength and low weight.
However, the magnitude of the bias we found was less than a third compared to that reported by GT, which suggests that the impact of the strength-weight bias on stock market anomalies is likely to be smaller than what the original estimates suggest. 
2: Estimated Subjective Probabilities
This table reports subjective probabilities and preference parameters estimated with maximum likelihood. Subjective probabilities are constrained to lie in the unit interval, using the transform π = 1/(1+exp(κ)), where κ is the parameter estimated and π is the inferred probability. We report the average probability elicited after symmetric signals (e.g., (5,0) and (0,5)), using the delta method to estimate the standard error for pooled π from estimates of κ. We employ "frequency weights" of 50 for every observed choice from the risk task to ensure that the estimated risk parameters are based primarily on the choices from the risk tasks. In the RN column, which stands for Risk Neutral we estimate the model assuming risk neutrality (constraining r=0.0001). In the SEU column we remove this constraint and allow risk aversion, assuming a CRRA utility function of the type y 1-r /(1-r). The last two columns indicate the standard errors of each probability using the delta method. Standard errors are also clustered on the subject level. The econometric procedure employed is outlined in section D of the online Appendix. 
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B. Instructions for the Belief Task
In this stage of the experiment you will be betting on the outcomes of uncertain events. Usually we bet on events like football matches or elections, but in this task the events will be random choices made by the experimenter between two boxes, one blue and the other white. The experimenter will not tell you which box was chosen. At the start each box will have the same chance of being chosen, but once it has been chosen the experimenter will give you some information to help you work out the chances that it was blue or white. Armed with this information, you will make bets on which box was chosen.
The procedure, which is summarized on the accompanying picture, is as follows. The experimenter will first choose the box by rolling a 6-sided die with three blue and three white sides. If blue comes up he will choose the blue box, if white comes up he will choose the white one.
Both the white and blue boxes contain several dice, each having 10 sides. Both boxes have the same number of dice, which will vary over the course of the experiment. The dice in the blue box always have 6 blue sides and 4 white ones, while those in the white box have 4 blue sides and 6 white ones.
The experimenter will roll all the dice in the chosen box and tell you how many blue and white sides came up. He will not tell you which box was chosen.
Because the dice in the blue box have more blue sides than those in the white box, knowing the number of blue and white sides that come up can help you work out the chances that each box was chosen. For example, if more blue sides come up this means it is more likely to be the blue box, and if more white sides come up it is more likely to be the white box.
Once you have the information about the dice rolls, you will then make bets on which box was chosen.
About betting
You will be making bets with several betting houses or "bookies," just as you might bet on a football game or a horse race.
To familiarize you with betting, we will illustrate how it works with the example of a horse race.
Imagine a two horse race between Blue Bird and White Heat. Several bookies offer different odds for both horses. The table below shows the odds offered by three bookies along with the amounts they would pay if you staked £10 on the winning horse. The earnings are calculated by multiplying the odds by the stake. In this experiment you will be making bets on which box was chosen using a Below are three important points about betting.
1. Your belief about the chances of each outcome is a personal judgment that depends on information you have about the different events. For the horse race, you may have seen previous races or read articles about them. In the experiment the information you have about whether the blue or white box was chosen will be how many blue and white faces came up. 2. Even if you believe Event X is more likely to occur than Event Y, you may want to bet on Y because you find the odds attractive. For example, even if you believe White Heat is most likely to win you may want to bet on Blue Bird because you find the odds attractive. To illustrate, suppose you personally believe that Blue Bird has a 40% chance of winning and White Heat has a 60% chance of winning. This means that if you bet £10 on Blue Bird with Bookie A you believe there is a 40% chance of receiving £50.00 and a 60% chance of receiving nothing. You may find this more attractive than betting on White Heat, which you believe offers a 60% chance of 12.50 and a 40% chance of nothing. 3. Your choices might also depend on your willingness to take risks or to gamble. There is no right choice for everyone. In a horse race you might want to bet on the long-shot since it will bring you more money if it wins, but you also might want to bet on the favourite since it is more likely to win something.
For each bookie, whether you would choose to bet on Blue Bird or White Heat will depend on three things: your judgment about how likely it is each horse will win, the odds offered by the bookie, and how much you like to gamble or take risks.
Your choices
Now you are familiarized with odds, we can go back to the experimental betting task. Recall that the experimenter will first make a random choice of a blue or white box. Then he will roll the dice in the chosen box and tell you how many white and blue sides came up. Then you will consider the chances that the box chosen was blue or white, and make a series of bets.
You have a booklet of record sheets. Each record sheet shows the bookies you will be dealing with, and the odds they offer. There are 19 bookies on each sheet, and each offer different odds for the two outcomes. Take a minute to look at one such record sheet, shown on the next page.
There will be 30 separate events, and 19 bookies offer odds for each event. You will make bets at all 19 bookies for all 30 events.
For each bet, you have a £3 stake, and the record sheet shows the payoffs you will receive if you bet on the box that was actually chosen.
There is a separate record sheet for each of the 30 events. On each sheet you should circle W or B to indicate the bet you want to make with all 19 bookies.
One and only one of the bets in the entire experiment will pay off for real. Therefore, please consider each bet as if it is the only one that will be paid out. After you have placed all your bets, you will roll a 30-sided die to determine which event will be played out, and a 20-sided die to determine which bookie will determine your earnings.
All payoffs are in cash, and are in addition to the £5 show-up fee that you receive just for being here.
C. Instructions for the Risk Elicitation Task
This stage is about choosing between lotteries with varying prizes and chances of winning. You will be shown a series of 20 lottery pairs, and you will choose the lottery you prefer from each pair. You will actually get the chance to play one of the lotteries you choose, and will be paid according to the outcome of that lottery, so you should think carefully about your preferences.
Here is an example of one lottery pair. You will have to think about which lottery you would prefer to play and tick the appropriate box below
The outcome of the lotteries will be determined by the draw of a random number between 1 and 100. We will ask you to roll a 100-sided die that is numbered from 1 to 100, and the number on the die will determine the outcome of the lotteries.
In the above example the left lottery pays five pounds (£5) if the number on the die is between 1 and 40, and it pays fifteen pounds (£15) if the number is between 41 and 100. The light green segment of the pie chart corresponds to 40%, and the orange segment corresponds to 60% of the area.
Now look at the pie chart on the right. It pays five pounds (£5) if the number drawn is between 1 and 50, ten pounds (£10) if the number is between 51 and 90, and fifteen pounds (£15) if the number is between 91 and 100. As with the lottery on the left, the pie slices represent the fraction of the possible numbers which yield each payoff. For example, the size of the £15 pie slice is 10% of the total pie.
Each of the 20 lottery pairs will be shown on a separate sheet of paper. On each sheet you should indicate your preferred lottery by ticking the appropriate box. After you have worked through all the lottery pairs, please raise your hand. You will then roll a 20-sided die to determine which pair of lotteries will be played out, and then roll the 100-sided die to determine the outcome of the chosen lottery.
For instance, suppose you picked the lottery on the left in the above example. If you roll the 100sided die and the number 37 is shown, you would win £5; if it was 93, you would get £15. If you picked the lottery on the right and drew the number 37, you would get £5; if it was 93, you would get £15.
Therefore, your payoff is determined by three things:
 which lottery pair is chosen to be played out using the 20-sided die;  which lottery you selected, the left or the right, for the chosen lottery pair; and  the outcome of that lottery when you roll the 100-sided die.
This is not a test of whether you can pick the best lottery in each pair, because none of the lotteries are necessarily better than the others. Which lotteries you prefer is a matter of personal taste.
Please work silently, and think carefully about each choice.
D. The Structural Model
We start by explaining the econometric analysis of the data collected in the risk task. We assume a CRRA utility function in the context of EUT, shown by (1) in the main text of the paper, where r is a parameter to be estimated, and y is income from the experimental choice. The utility function (1) can be estimated using the responses from our risk task using maximum likelihood and a latent EUT structural model of choice. In the lotteries provided there are K possible outcomes, therefore, Expected Utility (EU) of each lottery i is:
The EU for each lottery pair is calculated for a candidate estimate of r, defining the index:
This latent index is linked to the observed choices using a standard cumulative normal distribution function Φ(EU), resulting to a probit link function:
An important extension of the core model is to allow for respondents to make some errors. We use the contextual error specification proposed by Wilcox (2011) . It posits the latent index:
where v is a normalizing term for each lottery pair L and R, defined as the maximum utility over all prizes in this lottery pair minus the minimum utility over all prizes in this lottery pair. μ>0 is a structural "noise parameter" used to allow some errors from the perspective of the deterministic EUT model. As μ   this specification collapses EU to 0 for any values of EU R and U L , so the probability of either choice converges to ½. Therefore, a larger μ means that the difference in the EU of the two lotteries, conditional on the estimate of r, is less predictive of choices. In our estimations we use a log-transform for μ to ensure that it is non-negative, with standard errors and point estimates derived using the delta method. Additional details of the estimation methods used, including corrections for "clustered" errors when we pool choices over respondents and tasks, are provided by Harrison and Rutström (2008) .The log-likelihood is then: ln L(r, ; y, X) =  i [ (ln Φ(EU)I(y i = 1)) + (ln (1-Φ(EU))I(y i = -1)) ]
where I() is the indicator function, y i =1(-1) denotes the choice of the Option R (L) lottery in risk aversion task i, and X is a vector which contains  and any other data, such as demographics.
We now explain how we use the choices in the belief task to construct the second likelihood to estimate subjective probabilities. As shown in Table 1 in the paper the subject that selects event W from a given betting house receives:
where π w is the subjective probability that W will occur. The payouts that enter the utility function are defined by the odds that each bookie offers. The EU received from a bet on event B is defined similarly. We observe the bet made by the subject for a range of odds, so we can calculate the likelihood of that choice given values of r, π w and μ, again assuming EUT and CRRA. The rest of the structural specification is exactly the same as for the choices over lotteries with objective probabilities. Thus the likelihood function for the observed choices in the belief task is: ln L(r, π w , μ; y, X) =  i [ (ln Φ(EU)I(y i = 1)) + (ln (1-Φ(EU))I(y i = -1)) ]
The joint estimation problem is to find values for r, π w and μ that maximize the sum of (5) and (7). To ensure that the choice probability lies in the unit interval we use the transform π = 1/(1+exp(κ)), where κ is the parameter estimated which is free to vary between ±∞ and π is the inferred probability. To infer point estimates and standard errors for π from estimates of κ we again use the delta method.
To formally examine the sensitivity of subjective probabilities to strength, S, and weight, N, we can estimate the following model: log {log(π/(1-π)) / log(0.6/0.4) } = α log N + β log S
where π and 1-π are the elicited subjective probabilities for White or Blue, respectively. Bayes Rule implies that α= β=1, but under the strength-weight hypothesis α < β. Because, generalizing GT, we obtain both w>b and b>w cases, we make a transformation to the definition of the subjective probability in the model, to ensure that strength S is always positive. Thus when w>b we express it as π = 1/(1+(1/λ)), and when b<w we express it as π = 1/(1+λ), where λ = exp[ exp(γ) exp(0.6/0.4) ]. To estimate the model in (8) whilst controlling for the utility function we can replace π w in the models explained above with two parameters, α and β, and estimate these parameters using the joint estimation procedure explained above.
E. Derivation of Equation 2
Here we provide the general procedure for computing the posterior probability that a given set of dice (White or Blue, W or B) was chosen given the sample outcome (w,b) . The posterior probability, π, that W was chosen is: The odds ratio is p(w,b|W)/p(w,b|B) which taking into account the fact that p(B) = 1-p(W), reduces with some simple algebra to the following:
| | .
To separate out the effects of strength and weight we first take the log on both sides of the equation and then multiply and divide through by N:
Re-arranging and taking again the log on both sides gives the expression for weight and strength from Griffin and Tversky (1992) :
Multiplying the two right-hand terms by α and β, respectively, we generate expression (17) from our paper:
Bayes Rule holds iff α=β=1.
E: Asset Pricing Simulations
In this table we report results from simulations using the procedure in Barberis, Shleifer and Vishny (1998) . Specifically, we use this model to simulate a string of n=6 earnings shocks for 2,000 companies, using a random walk model. All firms have initial earnings equal to N 1, and then in each of the following periods all firms are equally likely to experience a positive or negative earnings shock equal to y. Following BSV, we choose y to be low relative to N 1 to avoid having negative earnings, and hence negative prices. Prices are derived according to Proposition 1 in BSV. We form two portfolios in each period: one consisting of firms with a positive earnings surprise in each of the n years, where n ranges from 1 to 4, and another with firms with a negative earnings shock. We then calculate the returns of these portfolios in the following year, and report the difference . Returns are in percent. The focus of our analysis is to examine how changes in the transition probabilities, λ 1 and λ 2, affect the signs of returns. In the column titled BSV we present results with λ 1 =0.1 and λ 2 =0.3, following BSV. In the remaining three columns we change these parameters by the indicated percentage in a way that implies that the investor is always more likely to rely on the meanreverting regime to forecast earnings (i.e., decreasing λ 1 and increasing λ 2 ), and repeat the process, holding all other parameters constant. 
